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Abstract—Despite the successful applications of unsupervised
sparse dimensionality reduction (USDR) in pattern recognition, the
USDR still suffers from two challenges for hyperspectral images
(HSIs), which limit its discriminative performance: first, it cannot
be applied for dimensionality reduction using both training samples
and testing samples; second, it lacks the ability to integrate the
spectral with spatial information for improving the discriminative
performance of HSIs. In order to tackle the first challenge, we ex-
tend it to a supervised scenario, which can be applied for both train-
ing samples and testing samples, namely dimensionality reduction
sparse representation (DRSR). Then, we propose a novel method
called local and global DRSR (LGDRSR) to integrate the spectral
information and spatial information of HSIs to further improve
the discriminative performance of HSIs. The proposed LGDRSR
computes the distance information between pixels of HSIs including
the whole samples and their corresponding locations with a unified
metric matrix. Experimental results show the proposed LGDRSR
outperforms other state-of-the-art algorithms significantly.

Index Terms—Hyperspectral images (HSIs), local and global
dimensionality reduction sparse representation (LGDRSR),
spectral and spatial information, unsupervised sparse
dimensionality reduction (USDR).
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I. INTRODUCTION

TILIZING hyperspectral images (HSIs) technology for
U imaging is gaining more and more attention since the de-
velopment of hyperspectral sensor technology [1], such as land
cover investigation and target detection, usually with hundreds
of spectral bands. The high dimensionality with hundreds of
bands imposes several challenges to image classification, such
as Hughes phenomenon (the problem between huge spectral
bands and the limited training samples) [2] and high demands
of computational resources [3].

In order to address the Hughes phenomenon [2], many algo-
rithms have been proposed, such as sparse multinomial logistic
regression (SMLR) [4], support vector machine (SVM) [5],
sparse representation classification (SRC) [6], extreme learning
machine [7], and collaborative representation classification [8].
Among these methods, SRC has attracted the most attentions due
to its merits, i.e., sparsity and robustness [8]. The SRC represents
a test sample as a linear combination of all training samples and
then adopts the representation coefficients as a feature vector
of the test sample [8], [9]. Finally, SRC directly assigns the
class label to the test sample via calculating the minimum
representation error of classes [8]. Sparse representation (SR)
based methods have been applied for many applications, such as
face recognition [10], brain signal processing [11], and image
super-resolution [12]. Even in HSIs processing, as examples,
Chen et al. [13] proposed a dictionary-based SR method for HSIs
classification and achieved a good performance. In [14], Zhao
et al. combined the SR and low-rank representation for HSIs
denoising. In [15], Chen et al. proposed an SR-based method
for HSIs target detection.

Although SR-based methods have achieved great success, it
still faces several challenges in HSIs classification [16]. First, the
huge number of spectral bands, which implies huge computation
load. Second, the spatial variability of the spectral pixel, in
other words, within the same categories (classes), they may have
different spectral characteristic whilst the similar features may
have been shared by different classes [17]. Third, the high cost
of obtaining labels of training samples. Hence, it’s important to
reduce the dimensionality of HSIs without sacrificing significant
information under the situation with limited training samples
[18].
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The goal of the dimensionality reduction (DR) technique
is to reduce the complexity of the data [16] and preserve the
desirable intrinsic information of the data simultaneously. The
existing DR methods can be broadly divided into two cate-
gories, supervised methods and unsupervised ones according
to whether the supervision information (class labels) is needed
[18]. The examples of unsupervised dimensionality reduction
(UDR) methods widely used for DR of HSIs are locality preserv-
ing projection (LPP) [19], neighborhood preserving embedding
(NPE) [20], and principal component analysis (PCA) [21]. Many
supervised dimensionality reduction (SDR) methods have also
been proposed for DR, such as linear discriminant analysis [22],
nonparametric weighted feature extraction (NWFE) [23], local
fisher discriminant analysis (LFDA) [24], supervised Laplacian
eigenmaps [25], and local discriminative embedding [26]. In
addition, there are also some semisupervised dimensionality
reduction methods being proposed for HSIs DR and achieved
a good performance, such as semisupervised dimensionality
reduction based on sparsity preserving [18] and semisupervised
discriminant analysis (SDA) [27].

Although the methods discussed earlier have obtained good
results in some applications, they still exhibit some drawbacks
when being applied for HSIs classification. First, most DR-based
methods consist of two steps for HSIs classification, i.e., 1)
extraction of the most discriminative features from data, and 2)
feeding the features to specific classifiers. Such separation often
leads to limit the overall classification performance of HSIs.
Second, most of the existing DR methods lack the ability to
integrate the spectral and spatial information, despite that some
of them use the spectral information whilst others use the spatial
information for HSI classifications [28]. This will also restrict
the overall classification performance of HSIs.

In [29], Zhang et al. proposed a UDR method based on
SRC and produced a good performance, namely unsupervised
sparse dimensionality reduction (USDR). However, it can only
be used for unsupervised learning and, thus, some information
that already existed in training samples and testing samples
can’not be used for HSIs classification. On the other hand,
recall the first drawback in most of the existing DR-based
methods, they input the features to a specific classifier after
extracting the discriminative features. This operation will limit
the recognition performance. In view of these two aspects,
we, hence, extend the UDR to SDR, which can be used for
DR for both utilizing the information of training samples and
classifying testing samples, namely dimensionality reduction
based sparse representation (DRSR). Also, the proposed DRSR
can solve the drawback existed in most DR methods since
the proposed DRSR can be used for DR and classification
simultaneously.

Furthermore, we proposed a method based on DRSR to incor-
porate the local and global information of HSIs namely local and
global DRSR (LGDRSR) to further improve the discriminative
performance of HSIs. Our LGDRSR approach has the ability
to integrate the spectral information with spatial one to address
the second drawback in the existing DR methods, as mentioned
earlier.
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The main contributions of our proposed LGDRSR can be
summarized as follows.

1) Both the training samples and testing samples information

have been introduced for DR and classification of HSIs.

2) The local and global spectral and spatial features in HSIs

have been incorporated into the sparse optimization of
HSIs for improving the performance of the DR and clas-
sification.

The rest of this work can be summarized as follows. The SRC
framework is briefly reviewed in Section II. In Section III, the
proposed LGDRSR will be introduced in detail. The extensive
experimental results and analysis are given in Section I'V. Sec-
tion V concludes this article and remarks some future work.

II. RELATED WORK
A. Sparse Representation Classification

SRC aims to represent signals using as few atoms as pos-
sible in a given super complete dictionary to obtain a more
concise representation of the signals, so that the features ex-
traction becomes easier and more efficient. Thus, given a hy-
perspectral image with N training samples from K classes
ofimagesX = [)(17)(27 . ,XN] = [XN17XN2 - -7XNK] €
RN where Ny + Ny + - -+ + Nx = N. Nx denotes the num-
ber of training samples of kth category. d is the number of the
spectral bands, and K is the number of the categories. Then, for
a testing sample y € R%*!, the optimization problem of SRC
can be expressed as follows:

A~ . 1
§=arg mln{2||y—X3||%+A||3||1} (D

where A is a parameter that weights the importance of the two
terms, s is an expansion coefficient that represents the testing
sample with the training samples and F' denotes the F'-norm.
As can be seen from (1), the first term denotes the redundancy
between the testing sample y and the whole training samples
X multiplies by the coefficient s. The second term denotes the
regularization term, which prevents the overfitting.

In the SRC, it is assumed that the samples belonging to the
same class approximately lie in a low dimensional subspace
[6], and this subspace can be captured by [, regularization [8].
Hence, the class label la, of testing sample y can be acquired
by the following equation:

la, = argmin (|| y — Xn, én, [12)- @
k=1,...,K

B. Unsupervised Sparse Dimensionality Reduction

Based on SRC, USDR finds a way to reduce the dimension
of HSIs with training samples. This method can be regarded as
the combination of SRC and PCA. That is to say, in addition to
find the spare coefficient, the USDR tries to find an additional
coefficient that can be used for reducing the dimensions of HSIs.
Thus, let X = [X1, Xo,..., Xn] € RN be N samples, and
Di = [X1;X27---,Xz'fl;Xi-Q-l,-“,XN} S Rd X (N* ].) be
the collection of samples excluding the ith sample, the objective
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function of USDR can be defined as follows:
N

min Y (|PX; ~ PDii} + callBi]l) + azl| X - PTPX]
i=1

st. PPT =1 3)

where (3; is the SR coefficient of X; over D, oy and ay are
scalar parameters, P € Rdimxd (dim denotes the final number
of dimensions) is a matrix that is used for reducing the dimen-
sions of training samples [29], T" is the matrix transpose oper-
ation. The first term Zfi L IPX; — PD;$3;||3 and second term
Zf\il aq]|Bi]|1 in cost function (3) are approximation and sparse
constraints, respectively. In more details, the first term denotes
the redundancy between the reconstructed sample (PX;) and
the other reconstructed sample (P D;) multiplies by the classi-
fication coefficient (53;). The third term az|| X — PTPX|% in
cost function (3) is to ensure samples to be well reconstructed
from the projected subspace by P (DR term).

The solution of (3) can be obtained by the following steps.

Step 1: Apply PCA to X in order to obtain the initial P.

Step 2: Fix P, compute each (; by solving the following
objective function:

min|[ PX; — PDifi[3 + aal|ill )
which can be solved by some convex optimization techniques
or the method in [30].

Step 3: Fix X;, update P, then the objective function can be
reduced to

N
min Y ||PX; — PDifBi5 + aol| X — PTPX|[3
B.p =

st. PPT =T (3)

This optimization problem can be solved by singular value
decomposition [29].

Step 4: Go back to step 2 until the maximum number of itera-
tions is hit or the abovementioned objective function converges.

III. PROPOSED LGDRSR

This section is divided into the following two subsections.
First, we present the proposed DRSR, which extends the UDR
[29] to SDR for simultaneous HSIs DR and classification in
Section III-A. Then, based on DRSR, the proposed LGDRSR
will be elaborated in Section III-B. The spectral and spatial
information of HSIs will be incorporated into the proposed
LGDRSR to improve the performance of DR and classification
of HSIs. The corresponding flowchart of proposed LGDRSR
framework can be seen in Fig. 1.

A. Dimensionality Reduction Sparse Representation

In this section, we will design the SR-based method to reduce
the dimensions and classify the samples simultaneously. The
USDR only uses the training samples for DR, which omits some
prior information and causes the relative low recognition rate.
To address this drawback, we incorporate the testing samples
with the training samples to improve the efficacy of DR. Given
a2-Dimage H = [X;Y] € R>*(N+")being transformed from
a hyperspectral image, where there are N number of samples
in the training set X and; » number of testing samples in the
testing set Y, respectively. Then, the proposed DRSR can be
formulated by the following equation:

1 1
Tlg{aupy = PXAE +ml Al + 52l H — PTPH||%}
| ®)
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where P € R™*“ is a matrix that is used for reducing the
dimensions of HSIs, i.e., training samples and testing sam-
ples, A1 and X are two parameters, which weight the three
items, A is the representation coefficient for the discriminative
features acquired by the matrix P. The redundancies between
reconstructed testing samples (PY’) and reconstructed training
samples (P X) multiply by the classification coefficient can be
denoted by the first term. For the third term, we can see that the
HSIs dataset H can be well reconstructed from the projected
subspace by P. Furthermore, due to the Hughes phenomenon
(curse of dimensionality), overfitting of classifier may occur, so
the regularized term || A||; can help to alleviate this problem.
Then, we impose the orthogonal constraint to the matrix P in
order to avoid the trivial solution for the optimization problem
of (6). Thus, the optimization problem can be rewritten as

(1 1
rjll}r)l {2||PY — PXAH% + 2 |AlL + §)L2HH — PTPHH%}

st.PPT =171 (7)

where I € R™*™ is the identity matrix. And compared with (5),
which just use the training samples for DR term | X — PT P X,
we can see that the (7) has introduced both the testing sam-
ples and testing samples information for the DR term ||H —
PTPH|3.

In order to solve the optimization problem of (7), we adopt
the inexact augmented Lagrange multiplier TALM) [31]-[33].
IALM is a computational framework for solving the optimiza-
tion problems, especially for the statistical learning problems.
The idea of IALM is to use the decomposition-coordination
procedure to decompose a large global problem into multiple
smaller and easier subproblems. Thus, by coordinating the
solution of those subproblems, the final solution of the large
global problem can be acquired. First, we introduce an auxiliary
variable J to split the variable to let problem (4) become more
easily solvable. Then, the equivalent model can be rewritten as
follows:

. 1 1
pin, {50V~ PXAR + a7l + Joallir - PTPHY |

st. PPT =1,J = A. (8)

Then, the corresponding augmented Lagrangian function of
model (8) can be expressed as

[ 1
min {2PY = PXA|f+ 2|1k + S22l H — PTPH]||E

+<Y1,J—A>+%||J—A||%}s.t. PPT = ©)
where Y] is the Lagrange multipliers. Then, model (9) can be
solved by the alternative optimization algorithm [31]. The details
are given as follows.

Update P: Fix A and J, then P can be updated as

1 1
P' =arg min{2||PY — PXAY% + §k2||H - PTPH|%}
P

st. PPT =11. (10)
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The derivation of (10) can be solved as follows:

P! = arg min{tr(;P(Y — XANY(Y — XxAHT pT
P

+ %AQ(H — PTPH)(H — PTPH)T}

1
=arg min{tr(ZP(Y — XAH(Y — xAHT
P

1
+ 5,\2(HHT - PT"PHHT — HH"PTP

+ PTPHHTPTP)) } (11)
where tr is the trace operation [31] and ¢ is the rth iteration.
According to the characters of trace and PPT =1,(11) can be
rewritten as

1
Pt = arg min{tr<2p(y _ XAt)(Y - XAt)TPT
P

+%k2(HHT - PHHTPT)> } (12)

Since the HHT has no effect to the solution of P, then (12)
can be solved by

1
P! = argmin{tr(QP(Y — XAH(Y — xAHT
P

- AQHHT)PT> } (13)

Finally, P! can be determined by singular value decom-
position [29] to (Y — X AY)(Y — XAHT —A; HHT, which is
composed by the corresponding eigenvectors of the first several
smallest eigenvalues of (Y — XA (Y — XAHT -, HHT.
After the P? has been acquired, which can be used for reducing
the dimensions of HSIs, the variables J and A for classification
of HSIs can be obtained as follows.

Update J: Fix A and P, then J can be updated as

t

M 1 Y;
JH = =|Jt —||lJt = A+ L2 14
arg min_ 175+ 5| +—lle A4

The solution of (14) can be solved by the soft-threshold [35]
rule

t

Y A
t+1 _ t 1 _ :
JTH = soft (A - ) = max{O,abs(e) - X mgn(e)}

(15)
where abs(e) is a function to get the absolute value of each
elementsine, e = A' — Y%f and sign is the sign function [35].

T

Update A: Fix P and J, then the A can be updated as

A — arg min
A

1 t vt
x L Z|PYY — PPX A% + T gt — A4 2L 28
2 2 Tt
(16)
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The solution of (16) can be acquired by the first-order deriva-
tion

At-’rl — (XTPtTPtX + TtI)fl(XTPtTPtY + TtJt 4 Ylt)-
(17)

B. Local and Global DRSR

In the abovementioned Section III-A, we entailed the DRSR
method to reduce the dimensions of HSIs and classify the HSIs
simultaneous. Inspired by Wang et al. [31], which introduced
a new distance metric to low-rank representation for HSIs
classification, we adopt this distance metric in our proposed
DRSR, which can further preserve the intrinsic information and
integrate the spectral and spatial information when reducing the
dimensions of HSIs.

Given a hyperspectral image
(X1, X0, ..., Xn:; Y1,...,Y,] € RX(N+n)
and Y; (1=1,2,...,N; j=1,2,...,n) are the spectral
column vector of training samples and testing sam-
ples respectively. Denote the spatial feature matrix by
L=[Li,La,....,Ln,Lnyi1,..., Lygn] € RV where
L; @=1,2,...,N +n) is the position coordinate of the ith
spectral pixel. It should be noted that the values of X, Y,
and L; are normalized to the range of [0,1]. Then, a good way
to integrate the spectral and spatial information of HSIs is to
compute the distance matrix, which can be formulated as

H=[X;Y]=
where X;

My = \JIX ~ Vi3 +mlLi — L3 8)
where ¢t = 1,2,-,N; j = 1,2,-,n; m is a parameter to control
the weight of the spectral and spatial distance. For each training
sample in a hyperspectral image, the training samples located
either near to or far away from the testing samples, if the training
samples are near to testing samples, we can regard this type as
the local information, otherwise, this can be regarded as the
global information. If the spectral information (|| X; — X;|3)
and spatial information (|| L; — L;||3) can be incorporated into
the DRSR, the DR and classification performance can be im-
proved. From (18), we can see that M contains the local and
global information of HSIs since both the spectral distance value
| X; — X;||3 and the spatial distance value |L; — L;[3 (it’s a
feature of relative Euclidian distance between the locations of
pixels) contain local and global spectral and spatial information
of atraining and testing pixel in HSIs. By constructing the matrix
M, and introducing a new variable J, the LGDRSR can be
written as

.1 2
jn}nJ{2||PY — PXA||%+ MM o J|)h)

1
+ el H — PTPH| + (Y1,J — A) + gHJ - AII%}
st. PPT =1 (19)

where © is the Hadamard operator [34]. Then, the solution of
LGDRSR can be obtained as follows.
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Update P: Fix A and J, then the matrix P can be updated as
1 1
P! = arg min{2||PY — PXAY% + 5||H - PTPH||2F}
P

st. PPt =1.
(20)
The solution of P at the tth iteration can be acquired by com-
puting SVD of (Y — X AN (Y — XAYHT — o HHT . The size
of P is composed by the dim eigenvectors of the first smallest
dim eigenvalues of (Y — XA (Y — XA)T -1 HHT (dim
denotes the number of dimensions, such as 5, 10, and 15).
Update J: Fix A and P, then J can be updated as

A 1 Y,
JH = arg min=; | M @ J'||; + < [|JF - A'+ = 3. @D
7 T 2 T

The solution of (21) can be solved by the transformation of
soft-threshold rule

Y, A
JH = soft (At — —lt,M X 1>
T

Tt

= max{O,abs(e) - (M X ii) } x sign(e)  (22)

t
where e = At — Y1,

Update A: Fix P and J, then A can be updated as

A = arg min
A

]. Tt Ylt
{2||PtY — P'XA|% + 5||Jt+1 —A+ Tt|2F}'

(23)
The solution of (23) can be achieved by
AL = (XTPTPLX 4 7))
(XTPTPY 4 et 24)

Finally, the overall optimization problem for solving the pro-
posed LGDRSR is described in Algorithm 1.

IV. EXPERIMENTAL RESULTS AND ANALYSIS

This section has been divided into the following five sections.
First, two benchmarking HSIs datasets have been described in
Section IV-A followed by benchmarking approaches in Sec-
tion IV-B. In Section IV-C, the parameters and our contributions
have been evaluated with four experiments. The effectiveness
of different dimensions and training samples on our proposed
LGDRSR, and the comparison with other state-of-the-art algo-
rithms have been presented in Sections IV-D and I'V-E, respec-
tively.

A. HSIs Datasets

1) Indian Pines: The airborne visible infrared imaging spec-
trometer sensor captured this image in northwestern Indiana
USA with 145 x 145 pixels and each pixel has 200 spectral
bands after removing 20 noisy bands. The wavelength ranges of
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Algorithm 1: The proposed LGDRSR.

Input: Hyperspectral image: H = [X;Y] € R&>*(N+n);
N training samples from K classes of H:

X = [Xn,, XNy, Xng] € REX NG

n testing samples: Y = [Y7, Yy, ---, V,] € R
spatial feature matrix:

L=I[Li,Ly,...,Ly,Lyy1,.-., Lyyn € RZXNEM)],

Parameters: A1, Ao, 75, m, Y7 = 0,
Jt=At = (XTX +2°101) ' xTy.
1.1 Sett =0
Update P: P! =
arg min{3||PY — PXA||% + 12|H — PTPH|%}
P

s.t. PPT = [= P! «
SVD((Y — XANY — XAYT 3o HHT):
the corresponding dim eigenvectors of the first dim
smallest eigenvalues
1.3 Update J: JH = m]inJ“rl =

T

. t
arg min’2||M © Jt||; + %H.]t — At + %H%‘
J

= JiTt = soft(A! — %t,M X %)
1.4: Update A:
At =
t t 2
arg min||P'Y — PXA|3 + || JH — A4+ 2|
A

— A = (XTpTPtX 4+ 711)1(XTPT PlY +
St gt+l +Y1t).
1.5 Update other parameters:
YltJrl _ Ylt + Tt(Jt+1 _ At+1); 7_t+1 =1.1x Tt.
1.6 Quit the algorithm if the stopping criterion is met;
otherwise, go back to Step 1.2.
1.7 Predict the testing sample label:
lay: = arg min(||Xd& — Xn, &, ||§),2 =
K

1,....,n,k=1,..., K.

the spectral bands ranges from 0.4 to 2.4 um. In addition, there
are 16 classes with 10 366 pixels need to be classified [36], [37].

2) Pavia University: The reflective optics system imaging
spectrometer sensor captured this image in the urban area of
Pavia University Italy with 610 x 340 pixels and each pixel
has 103 spectral bands after removing 12 noisy bands. The
wavelength of the spectral band ranges from 0.43 to 0.86 ym.
In addition, there are 9 classes with 42 776 pixels need to be
classified [38], [39].

B. Benchmarking Approaches

We have selected state-of-the-art DR methods for compari-
son with the proposed LGDRSR including PCA [21], NWFE
[23], linear discriminant embedding (LDE) [40], regulariza-
tion LDE (RLDE) [40], LFDA [24], SDA [27], semisuper-
vised local discriminative analysis LPP (SELDLPP) [40], and
semisupervised local discriminative analysis NPE (SELDNPE)
[41]. The LIBSVM [42] software is used for implementation of
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the kernel SVM (KSVM). The MATLAB code of abovemen-
tioned methods can be downloaded at [43]. For the parame-
ter setting of abovementioned methods (KSVM-PCA, KSVM-
NEFE, KSVM-LDE, KSVM-RLDE, KSVM-LFDA, KSVM-
SDA, KSVM-SELDLPP, and KSVM-SELDNPE), they follow
on the setting of [40].

All the experiments are conducted using MATLAB R2015a
running on a computer with 2.9 GHz i7 7820HQ CPU and
32 GB RAM. The training samples (up to 50% in each class) are
randomly generated from HSIs and the remaining for testing. All
the experimental results are repeated 10 times and the results are
averaged to obtain classification accuracies. The performance
has been measured in terms of overall accuracies (OA), average
accuracies (AA), category accuracies (CA), kappa coefficient
(k), and computational time. The computational time includes
training time (Tr) and testing time (Ts).

OA is the ratio of the total number of correctly classified
testing samples over the total number of the testing samples; CA
is the ratio of the number of correctly classified testing sample
in each class over the number of testing sample in each class;
AA is the mean of accuracies achieved in each class and k is the
statistics computed by weighting the measured accuracies.

C. Parameters and Contributions Analysis

In this section, we will analyze the impact of the parame-
ters and the contributions of the proposed LGDRSR with four
experiments, including A1, A2, and 7¢ in (19), and m in (18).
We also applied some DR methods to SRC for the performance
comparison, including PCA, NWFE, and LDE. All the experi-
mental results are carried out with five training samples per class
and we set the target dimension to be 10. Besides, we will also
apply the SR for comparison, which means it will use the whole
dimensions in this method.

1) Experiment #1: In this experiment, we evaluate Ao = a2
where a2 ranges in [—15, —14 ,...,10] while fixing A;= 2719,
70= 2710 for the proposed DRSR, A= 22, 79=2719 and
m = 20 for the proposed LGDRSR (m = 0 means that the
proposed LGDRSR just use the spectral information). From
Fig. 2, we can see that a2 has some effect on DRSR and
LGDRSR (m = 0) in both Indian Pines and Pavia University
dataset. The results become more stable while incorporating the
spatial information into the LGDRSR. Hence, we set a2 to be
0 for DRSR, LGDRSR (m = 0), and LGDRSR in both Indian
Pines and Pavia University.

2) Experiment #2: In this experiment, we evaluate A} = gal
where al ranges in [—20, —19,. .., 5] while fixing A; = 2710,
70 = 2710 for the proposed DRSR, 70 = 2710 for SR, SR-PCA,
SR-LDE, and SR-NWFE, A; =22, 70 =2719 and m = 20
for the proposed LGDRSR. From Fig. 3, we can see that
the SR-PCA, SR-LDE, and SR-NWFE produce lower classi-
fication accuracies than DRSR. We can also observe that the
LGDRSR (m = 0) has achieved better accuracies than DRSR
and LGDRSR (m = 20) has achieved higher accuracies than
LGDRSR (m = 0) when incorporated with the spectral and
spatial information. Also, we will set al = —8 for SR, SR-PCA,
DRSR, and LGDRSR (m = 0), al = 1 for LGDRSR in Indian
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Pines. In Pavia University, al will be set to —10 for SR and
DRSR, al = 0 for SR-PCA and LGDRSR (m = 0), al = -7
for LGDRSR. For both Indian Pines and Pavia University
dataset, a1l is set to —8 and —9 for SR-LDE and SR-NWFE,
respectively.

3) Experiment #3: In this experiment, we evaluate the pa-
rameter 7 = 2%3 (a3 belongs to [—15,... 5]) where m is set
to 20 for the proposed LGDRSR. From Fig. 4, we can see
that the proposed DRSR obtains better recognition rate than
others, including SR-PCA, SR-LDE, SR-NWFE, etc. It can also
be seen that the LGDRSR (m = 0) and LGDRSR achieved
higher classification accuracies than DRSR when the spectral
and spatial information are incorporated for DR. In the following
experiments, we will set a3 = —4 for SR-PCA and the pro-
posed DRSR, a3 = —2 for SR-LDE, a3 = —10 for SR-NWFE,
LGDRSR (m = 0), and LGDRSR (m = 20) in Indian Pines
dataset. In Pavia University dataset, we set a3 = 3 for SR-PCA,
a3 = —10for SR-LDE, SR-NWFE, DRSR, LGDRSR (m = 0),
and LGDRSR (m = 20).

4) Experiment #4: In this experiment, we will evaluate the
impact of parameter m. From Fig. 5, we can see that the

proposed LGDRSR becomes stable when m > 5, which shows
a good performance of the proposed LGDRSR. In the following
experiment, we will set m = 30 in both Indian Pines dataset and
Pavia University dataset.

D. Effect of Different Dimensions and Training Samples

In this section, we further evaluate the performance in dimen-
sions reduction and classification of the proposed DRSR and
LGDRSR by varying the dimensions of samples and the number
of training samples. The training samples vary between 5, 10,
and 15 while the dimensions vary between 10, 15, and 20 () and
Dim denotes the number of training samples and dimensions,
respectively in the table). As can be seen from Tables I and II,
the classification accuracies achieved by the proposed DRSR
in Indian Pines and Pavia University datasets are worse than
KSVM-NWEE, but more stable and better than SR-PCA when
varying the number of training samples and dimensions. The
classification accuracies of the proposed DRSR are higher than
SR-PCA, with more than 10% in each metric (OA, AA, and k).
The proposed LGDRSR can further improve the performance
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SAMPLES PER CLASS FOR INDIAN PINES DATASET

Dim 10 15 20
Q | Index ls)& E&X}é DRSR  LGDRSR| }S)& E%l\é DRSR  LGDRSR| }S)& E\S,\}’F]\é DRSR  LGDRSR
OA | 39.2413.1 59.3+4.1 56.0£3.5 75.4+2.0 | 43.9+11.9 58.5+4.2 56.423.0 75.442.0| 42.5+13.1 59.1£3.8 56.742.8 75.4%2.0
5 AA | 43.9+17.5 712412 66.1+2.6 83.9+1.5| 54.0£11.9 71.3x1.3 67.9+2.0 83.9+1.5| 48.8+20.1 71.5+1.3 68.5£2.0 83.9+1.5
k 33.2+13.8 544445 513434 72.3%2.2| 3844123 53.7+44 51.7+3.0 72.3£22| 36.7£14.2 543+4.1 52127 72.3%2.2
OA | 433245 68.1+3.8 63.1£2.7 86.7+1.5 | 43.2+25.5 68.8+3.3 64.0+2.6 86.7+1.5| 43.0+28.0 68.5£3.0 64.6+2.7 86.7x1.5
10 | AA | 46.1£26.2 782+2.0 70.9+2.0 91.2+#0.9 | 48.2+29.9 79.1+2.1 73.9+1.5 91.2+0.9 | 50.9+31.6 79.1+1.8 74.9+1.6 91.2+0.9
k 37.6£253 64.1+4.1 585429 84.9+1.8| 37.5+26.6 65.0+3.6 59.5+2.9 84.9+1.7| 37.6£29.1 64.6+3.2 60.3+3.0 84.9+1.7
OA | 47.9+19.9 71.3+3.1 64.5£2.9 89.2+1.8 | 49.3+22.7 70.9+3.4 65.8+2.7 89.2+1.8| 43.6+29.1 71.1#33 66.7+2.6 89.21.8
15 | AA | 47.1£22.8 80.8+1.5 70.242.1 93.3x1.1| 51.6429.2 81.2+1.4 75.1+1.4 93.3x1.1| 48.6£34.0 81.2+1.6 76.2+1.4 93.3x1.1
k 41.6+21.0 67.8+3.4 59.9+3.0 87.8+2.0| 43.0£24.8 67.4+3.7 61.5+2.8 87.8+2.0 | 37.7+30.9 67.6£3.5 62.5+2.7 87.8+2.0
TABLE II
CLASSIFICATION ACCURACY (%) AND STANDARD DEVIATION FOR TESTING SAMPLES WITH DIFFERENT DIMENSION AND TRAINING
SAMPLES PER CLASS FOR PAVIA UNIVERSITY DATASET
Dim 10 15 20
Q | Index E,& E%I\é DRSR  LGDRSR f,g;\ E%I\é DRSR  LGDRSR Is)g;\ E%l\é DRSR  LGDRSR
OA | 164%8.6 63.1+7.8 55.5+4.6 78.7+3.5| 164485 62.9+74 55.124.7 78.7+3.4| 16.8+8.9 63.2+75 55.1+4.6 78.7+3.5
5 AA | 14.7+55 747432 562+3.8 82.8+2.1| 14.6£5.5 74.8+32 56.5+3.7 82.6x2.1| 14.7+55 747432 56.6£3.5 82.6x2.1
k 45+5.8 547482 44545 73.0+4.0 | 44257 54.6+7.8 443245 73.0+4.0 | 4.7+6.0 54.8+7.9 442+43 73.0+4.0
OA | 17.6+12.6 69.0+3.4 602438 83.7¢4.6 | 17.712.7 70.9+2.5 60.9+3.8 83.6+4.7 | 17.7+12.8 70.1£1.9 61.243.7 83.6x4.7
10 | AA | 14.8+42 79.5+1.0 57.043.5 87.7+2.3 | 14.8+4.2 80.3+1.6 583+2.9 87.5+2.2| 148442 79.9+1.3 58.623.0 87.5+2.2
k 34483  61.5£33 489439 79.2453| 3.5+8.5  63.6+2.8 49.9+39 79.1£5.4| 3.5%8.5  62.742.0 502439 79.1%5.4
OA | 17.129.5 74.6+4.4 63.1£5.1 88.6x1.2 | 17.249.6 757439 64.9+3.7 88.4+1.3| 17.4+9.8 75.6£3.6 654435 88.4+1.3
15 | AA | 229430 81.6£1.8 592427 90.9+1.0 | 22.9+3.0 82.4+1.8 61.4+25 90.6+1.3 | 23.0£3.0 82.3+1.8 62.0+2.3 90.5+1.3
k 9.4+53  67.7+5.1 524452 853+1.5| 9554  69.1+4.6 54.5+3.9 85.0+1.6| 9.6£5.5 68.9+43 55.1+3.6 85.0x1.6

in term of OA, AA, and k, about 20% higher than DRSR.
This further shows the outstanding performance of the proposed
DRSR and LGDRSR.

E. Comparison With Other State-of-the-Art Algorithms

In this section, we evaluate our proposed methods by compar-
ing them with a list of state-of-the-art methods in three scenarios:

fixed training samples, fixed dimensions, and fixed both training
samples and dimensions.

First, we fix the number of training samples (5 per class) to
show the effect of dimensions on classification accuracies. As
can be seen from Fig. 6, the proposed DRSR acquired worse
accuracies than some state-of-the-art algorithms in some cases,
this is because proposed DRSR is just utilizes the spectral
information of HSIs. However, by incorporating the spectral-
spatial information, our proposed LGDRSR (the error bar of the



3868

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 14, 2021

TABLE III
CLASSIFICATION ACCURACY (%) AND STANDARD DEVIATION FOR TESTING SAMPLES WITH DIFFERENT TRAINING SAMPLES PER
CLASS FOR INDIAN PINES DATASET

Q | Index DR+KSVM classifier LGDRSR | LGDRSR
PCA NWFE  LDE RLDE  LFDA  SDA SELDLPP SELDNPE| (m=0)
OA | 523%47 555+4.1 49.0+7.6 417492 46.124.7 554439 509460 527449 | 55.243.0 | 75.4+2.0
5 | AA | 640825 67.9%1.4 61.9+6.1 51.9+10.1 592439 67.1£29 625439 642440 | 66.9+1.9 | 83.8+15
k| 469549 504%43 437+79 36.049.1 40349 50.1+43 453465 472453 | 50.1s3.1 | 72.32.2
OA | 60946 63.0+4.4 561350 47.143.5 41.8+27 61.8+5.1 57.9+44 609432 | 61.442.9 | 86.6+1.6
10 | AA | 714428 742426 683434 59.7+44 535428 72625 69.1424 712419 | 722412 | 9L1£L0
k | 562449 58549 514453 41.743.6 35.7+28 57.1%5.5 528445 562435 | 56.7+3.1 | 84.8+1.8
OA | 637+40 67538 57.9+2.9 56.542.6 41.8+3.0 634426 61622 646424 | 65.1+1.8 | 89.1¢1.7
15 | AA | 737329 782427 702433 67.9:+2.0 535424 75015 71.1:17 73.9+22 | 74.9+1.0 | 93.1%1.1
k| 594444 63.6+42 53431 516327 358432 59.0+2.8 56.9+2.6 60.3+2.7 | 60.9+2.0 | 87.6+2.0
OA | 66.6:2.8 69429 60.9+3.1 59.142.4 45430 66.1332 642427 653430 | 66.842.3 | 90.8+0.7
20 | AA | 765822 80312 727429 71.0+1.8 583339 77.9+1.8 74.6+1.5 753+2.8 | 76.8+12 | 94.4+0.7
k| 62543.0 65.6£32 56333 542426 39.5+3.1 62.0+3.5 59.843.0 61.0434 | 62.842.4 | $9.6+0.8
OA | 677421 722%1.6 620+33 62.142.5 51.7+33 689+1.9 669+1.8 67.6:1.6 | 68.5%1.7 | 91.9+0.8
25 | AA | 77.4%17 82311 74.0438 73119 648432 79.5+1.6 769+1.0 77.1:12 | 78.6+1.0 | 95.3+0.6
k| 637423 68.7+1.7 57.583.6 57.542.6 46335 650+1.9 62719 63517 | 64.6+1.9 | 90.8+0.9
OA | 70.0+1.9 737+09 612450 612422 54.1%1.5 70.0+13 67.9+1.6 67.7+1.8 | 69.9+1.7 | 93.1x0.8
30 | AA | 79319 83.1x0.8 73532 72.5423 66.8+1.6 80.9+13 77.7+12 77.6:12 | 79.4+1.3 | 95.7+0.6
k| 662421 703+1.0 567+54 56.6+2.4 487+1.6 662+1.4 639+1.8 637+2.0 | 66218 | 92.1x0.9
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Fig. 5. Effect of key parameters of m in Indian Pines and Pavia University.

proposed LGDRSR has been plotted in Fig. 6) has achieved
better classification accuracies than the other state-of-the-art
methods with different dimensions in both Indian Pines and
Pavia University dataset. It is worth noting that the proposed
LGDRSR can achieve very a good performance even at lower
dimension (below 5). This attributes to the capability of our
algorithm to incorporate the spectral and spatial information to
improve the DR and the classification performance. It verifies
that the proposed LGDRSR has a good performance.

Second, we fix the dimensions (5) to show the effect of the
number of training samples on classification accuracies. As can
be seen from Tables III and IV, the proposed LGDRSR (m =
0) has obtained a good performance than some state-of-the-art
algorithms while the performance is worse than some other

algorithms in some experimental conditions. This indicates that
the proposed LGDRSR (m=0) has similar DR and classifica-
tion capacity with these state-of-the-art algorithms since only
the spectral information has been used in proposed LGDRSR
(m = 0). However, with integrating the spectral and spatial
information simultaneously, the proposed LGDRSR achieves a
significant improvement on classification accuracies and outper-
forms other state-of-the-art methods when varying the training
samples. This further verifies the performance of the proposed
LGDRSR.

Third, we fix the dimensions (5) and 1% training samples
(TR) to show the classification accuracies by using the metrics,
OA, AA, k, and CA, and the remaining testing samples (TS) for
testing. We also report the time consumed by the algorithms
for comparison. As can be seen from Tables V and VI, the
situation is similar with the Tables III and IV for proposed
LGDRSR (m = 0), and with integrating the spectral and spatial
information, the proposed LGDRSR has outperformed other
state-of-the-art methods in terms of recognition rates. Figs. 7
and 8 show the corresponding classification maps. It can be
seen there are many classification errors existed in the classi-
fication maps of the other comparison methods while the ones
obtained by the proposed LGDRSR have better clarity (less
classification errors than others). This again verifies the proposed
LGDRSR.

At the last three rows of Tables V and VI, we report the
computation time (DR time, training time, and testing time of
each method). It can be seen that the proposed LGDRSR requires
more processing time than other methods in an acceptable range
in both Indian Pines and Pavia University dataset. Given the
much better classification accuracies achieved by our proposed
method and the accessibility of the ever increasing processing
power, the proposed LGDRSR presents a strong performance
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TABLE IV
CLASSIFICATION ACCURACY (%) AND STANDARD DEVIATION FOR TESTING SAMPLES WITH DIFFERENT TRAINING SAMPLES PER
CLASS FOR PAVIA UNIVERSITY DATASET

Q | Index DR+KSVM classifier LGDRSR | LGDRSR
PCA NWFE  LDE RLDE  LFDA _ SDA SELDLPP SELDNPE| (m=0)
OA | 58.6£6.5 6226.1 572471 659488 57.0t48 635468 59375 60.1=7.1 | 59245 | 79.7+3.1
5 | AA | 70733 73.5:3.1 70.12.8 73135 633:1.9 747+3.1 714437 72238 | 71.9+23 | 84.242.0
k| 493+6.6 53.446.4 47.8+6.8 57592 46.8+4.6 552+7.1 502+7.5 S11x7.01 | 502+4.8 | 74.243.6
OA | 64745.1 669+3.0 589%6.5 709429 60.5t42 67.1+7.1 660440 67.1=1.7 | 65435 | 84.0+4.8
10 | AA | 762418 78.1+1.4 71.7+3.1 797420 68320 79.4+23 77817 77.4%1.6 | 75.0+1.7 | 88.9+3.0
k| 564452 59.143.0 50.0+6.6 63.7+3.3 512442 597+7.4 582440 592+1.6 | 569437 | 79.7%5.7
OA | 677453 694444 59.6£50 733432 67.1433 71.6£45 713452 71046 | 69.133.1 | 88.2+1.0
15 | AA | 77117 79.6£1.4 725830 81.1:1.3 73.8422 82.1+1.6 793%2.1 78.8+2.1 | 76.9+1.0 | 91.9+1.1
k| 59.6£57 61.9+4.6 50.8+5.1 66.3+3.4 58.6+3.8 64.9+48 63.9+5.6 63.5+5.1 | 61.1+3.4 | 84.8+1.3
OA | 677424 70266 625+32 73.1433 69.124.0 71.8+41 69.8£1.9 704%27 | 69.42.1 | 91.5+2.0
20 | AA | 784+1.0 804424 74.6+23 82.5+1.5 772428 81.7+1.8 79.6t1.4 797+1.9 | 77.6+1.3 | 93.5:0.9
k| 59.842.5 63.146.9 53.9+33 663339 61346 65.0+43 624322 63.0:29 | 614424 | 88.9+2.6
OA | 69.843.0 73.1%45 655+17 750427 72026 75.5%3.1 73.9+2.8 72.0£29 | 72426 | 92.4+1.7
25 | AA | 8031.6 820+07 76.4+2.0 839+1.1 80.11.3 83515 82.0+1.0 80.5:1.5 | 79.5:1.1 | 94.60.7
kK | 624432 664446 57315 68.7+29 650428 69235 67.132.9 65.0+3.0 | 65.0+2.9 | 90.12.2
OA | 704423 750419 668449 77.143.8 74.6:2.6 765420 72.8+1.1 742320 | 72.8+1.3 | 92.6:1.6
30 | AA | 80.6£1.0 82.9:0.7 767429 83.9+15 81.7:1.6 84.5+0.9 82012 817l.1 | 79.6:0.6 | 94.9+0.8
k| 63.0£25 684+2.1 58.6+49 709+44 67.9+3.0 703+22 659+12 67423 | 653+1.4 | 90.3%2.1

improvement over other candidate algorithms for HSIs classifi-
cations.

F. Extended Experiments and Analysis

In this section, we have conducted extended comparison
experiments to further validate the performance of the proposed
DRSR and LGDRSR.

We add noise (independent identically distributed: zero mean
with o2 covariance) to the Indian Pines and Pavia Univer-
sity dataset and show the impact of the noise to the pro-
posed LGDRSR. We set TR = 10 per class and dim = 10.
As can be seen from Fig. 9, the performance of the proposed
LGDRSR decreases slightly when the noise level o increases
in Indian Pines. The proposed LGDRSR still performs very

robust in Pavia University dataset when the noise intensity is
increased.

In addition, we conduct some experiments for comparing the
proposed LGDRSR with some other state-of-the-art algorithms
(we have used “-” in the Tables VII, VIII, and IX to denote the
unavailable values in the references.), including spatial-spectral
manifold reconstruction preserving embedding with k-nearest
neighbors (SSMRPE-KNN) [44], the ensemble discriminative
local metric learning with KNN and SVM (EDLML-KNN and
EDLML-SVM) [45], fast dimensionality reduction and clas-
sification with extreme learning machine (FDRC-ELM) [46],
and segmented stacked autoencoders (S-SAE) [47], respectively.
The classification results for abovementioned state-of-the-art
algorithms are directly taken from abovementioned references,
respectively. As can be seen from Table VII, under the same
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TABLE V
CLASSIFICATION ACCURACY (%) AND STANDARD DEVIATION FOR TESTING SAMPLES WITH 1% TRAINING SAMPLES PER CLASS FOR INDIAN PINES DATASET

NO. | TR | TS DR+KSVM classifier LGDRSR | LGDRSR
PCA  NWFE LDE _ RLDE LFDA  SDA  SELDLPP SELDNPE| (m=0)
I | 5 | 49 | 81.8+57 78.9%142 704%10.5 67.7+17.3 57.74239 83.847.2 77.1+11.8 783157 | 64.1=17.9| 98.9+1.4
2 | 14 | 1420 | 60.1487 57.4%9.1 56.0+10.2 50.4+7.8 38.5+10.8 55.0+11.0 49.949.9 559+7.0 | 54.8+3.9 | 75.9:8.6
3| 8 | 826 | 48363 54059 399484 353+7.9 313110 46.9+85 43.6:83 49.8+6.9 | 41.048.9 | 70.4x14.6
4 | 5 | 220 | 43.04123 53.7+124 24.6+16.4 33.4+12.4 3444129 452+15.6 457145 50.3+14.9 | 41.7+10.0| 87.8+9.3
5 | 5 | 492 | 625899 57.0:144 59.5:89 58.6:10.7 61.9+7.0 68.047.9 63.5487 651272 | 64.5:16.0| 76.8+11.0
6 | 8 | 739 | 756870 80.5:6.0 74.2+13.7 57.8+10.6 653458 78.148.9 75.9+8.1 76.0:9.4 | 78.1+7.3 | 81.1:8.4
7 | 5 | 21 | 895458 90.9+11.0 92.3+93 78.5+19.0 81.9+132 90.9+57 90.9+2.7 90.4+7.0 | 86.5+3.8 | 97.13.3
8 | 5 | 484 | 69.1£11.8 658+11.1 73.4+13.0 624149 522+17.6 69.4+13.0 62.9+13.1 68.2+13.7 | 86.9+16.2| 99.740.2
9 | 5 | 15 | 9004141 973434 72.6+26.1 62.04140 82.0+14.0 1000  91.3+13.3 94.0+11.5 | 88.8+13.0| 1000
10 | 10 | 958 | 60.8+10.6 59.0+15.8 47.2+18.0 43.449.4 37.7459 50.8+14.6 513152 583154 | 55.0+8.6 | 82.0+6.3
11| 24 | 2444 | 701263 68.0+7.3 57.5:9.4 50.8+4.6 35349.0 67.1+7.1 67.9+6.6 69.6+55 | 73.5¢4.5 | 90.6+2.7
12 | 7 | 607 | 275892 4244187 36.9+12.5 28.5+122 3694113 38.6£7.6 258109 253+9.7 | 37.2+10.1| 73.8+9.8
13 | 5 | 207 | 88.6£75 96.8+2.1 96.433.6 83.9+13.9 81.6+11.6 96.2+4.3 83.2+13.1 923+46 | 96.3%3.1 | 99.5+0.2
14 | 13 | 1281 | 857464 86.130.1 865:69 83.6+7.6 78.1103 82.2+13.4 852+8.1 86.0+7.4 | 88.6+83 | 99.8+0.4
15 | 5 | 375 | 242£52 345:7.8 334106 345+7.7 38.7+10.8 365133 21.146.1 22.1+10.1 | 27.48.6 | 86.8+11.0
16 | 5 | 95 | 867440 87.0457 87.4+6.1 85.1%7.1 841444 87.6+44 87.7+46 87.6+41 | 89.5¢4.5 | 97.0+2.9
OA 639412 649424 59.0+54 532432 47.1432 627:34 60.1£19 632+1.7 | 65.1+1.2 | 85.5+1.8
AA 66.5¢17 69324 630453 572429 56120 68.5+23 639+l.1 66.8+2.0 | 67.2+25 | 88.6+1.4
k 587414 599429 53360 469+3.6 409+33 57.5+37 54321 57.942.0 | 60.0+1.4 | 83.5:2.0
DR (second) 0.02 121 0.04 0.11 0.04 0.83 0.76 1.48 1o 506
Tr (second) 1.62 121 13 1.05 0.82 1.42 1.42 131
Ts (second) 0.25 0.09 0.08 0.28 0.08 0.08 0.08 0.09 0.34 035
TABLE VI

CLASSIFICATION ACCURACY (%) AND STANDARD DEVIATION FOR TESTING SAMPLES WITH 1% TRAINING SAMPLES PER CLASS FOR PAVIA UNIVERSITY DATASET

NO. | TR | Ts DR+KSVM classifier LGDRSR | LGDRSR
PCA NWFE  LDE RLDE  LFDA _ SDA SELDLPP SELDNPE| (m=0)
I | 66 | 6565 | 84.0t19 86.5t1.8 84.4+15 86.7+2.0 85426 87.5£1.9 858+12 84.7+1.8 | 81420 | 90.5:3.1
2 | 186 | 18463 | 95325 94.6+37 953+23 96308 92.1+1.4 943:0.9 942+37 93.0:2.4 | 94.6+1.3 | 99.7x0.1
3| 20 | 2079 | 4412132 57.8489 45.0£13.9 58.8+10.6 S1.745.5 60.9+7.9 487+9.6 49.2+12.1 | 47.945.5 | 98.9+1.3
4 | 30 | 3034 | 827+3.0 83.4+3.0 82.0+42 855:42 82.6+7.7 83.845.0 84.0+27 805422 | 78.6+32 | 94.1:1.2
5 | 13 | 1332 | 98.9+0.5 992404 983+27 97360 99.4+0.2 99.4+03 99.4+0.1 97.7+2.1 | 99.3+0.1 | 99.60.1
6 | 50 | 4979 | 3874124 42.8+12.0 39.4+12.1 73.1464 60.6+8.0 64.4+5.6 44.9+11.8 S1.1410.6 | 44243 | 99.8+0.1
7 | 13 | 1317 | 708487 76.148.5 69.7+9.8 73.1£10.0 59.4+112 73.2+8.6 70.5+8.0 74.2+6.1 | 70.146.9 | 99.2+0.3
8 | 37 | 3645 | 83.6439 825:3.6 84.6+4.5 832455 717455 84.6:39 80.5£6.5 81.6:42 | 78.6x4.0 | 98.1x0.7
9 | 10 | 937 | 99.8+0.1 99.9+0.1 99.8+0.1 99.7+0.3 99.9+0.1 99.9+0.1 99.8+0.1 99.4+0.5 | 98.5+0.5 | 75.8+9.1
0A 81.9+0.9 833+0.9 82.1=1.0 87.7+1.1 823+1.4 86206 82.5:09 82.5:0.9 | 813+0.6 | 97.240.6
AA 77.6+1.8 803%1.5 77.6+2.3 83.7+19 78.1+1.6 83.1%1.3 78.6+1.7 79.042.0 | 77.0+1.0 | 95.1%1.2
k 754515 773+13 75.6+1.6 83.5:1.6 76319 814+09 763%12 764%13 | 74.6+0.9 | 96.3+0.8
DR (second) 0.03 1.47 0.17 3.53 0.06 0.59 0.47 0.88 57 o
Tr (second) 1603 13.09 1527 356 571 539 10.03 9.19
Ts (second) 0.63 0.61 0.66 0.62 0.58 0.59 0.64 0.87 05 0.60

situations, the proposed LGDRSR has obtained a better perfor-
mance than these methods. Also, we have conducted experiment
in Salinas dataset [48]. The size of this dataset is 512 x 217
with a ground resolution of 3.7 m, and the number of the
band and the land cover types are 204 and 16, respectively.
We choose about 1.5% samples for training and remaining
for testing. As can be seen from Table VIII, the proposed
LGDRSR has achieved better classification accuracies than
scale-orientation morphological profiles (SOMPs) [49] based

methods (the classification results are also directly taken from
reference [49] as well), such as SOMP-spectral angle distance
(SOMP-SAD), SOMP-spectral information divergence (SOMP-
SOD), and SOMP-hidden Markov model-based information
divergence (SOMP-HMMID). This verifies the validity of the
proposed LGDRSR.

Furthermore, the Table IX reported some additional experi-
ments to verify the proposed DRSR and LGDRSR, as can be seen
from Table IX, under the setting with five samples per class and
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(® ()

Fig. 7. Classification accuracies on Indian Pines dataset. (a) KSVM-PCA. (b) KSVM-NWEFE. (¢) KSVM-LDE. (d) KSVM-RLDE. (¢) KSVM-LFDA.
(f) KSVM-SDA. (g) KSVM-SELDLPP. (h) KSVM-SELDNPE. (i) LGDRSR. (j) Ground Truth.

® )

Fig. 8. Classification accuracies on Pavia University dataset. (a) KSVM-PCA. (b) KSVM-NWFE. (c) KSVM-LDE. (d) KSVM-RLDE. (¢) KSVM-LFDA.
(f) KSVM-SDA. (g) KSVM-SELDLPP. (h) KSVM-SELDNPE. (i) LGDRSR. (j) Ground Truth.

TABLE VII
CLASSIFICATION ACCURACY (%) AND STANDARD DEVIATION FOR INDIAN PINE AND PAVIA UNIVERSITY DATASET

TR number: 20 per class; TR number: 10% for training; TR number: 1% for training; | TR number: 5% for training;
Dataset Index Dim: 30 Dim: 61 Dim: 40 Dim: 20
SSMRPE- LGDRSR EDLML- EDLML- LGDRSR| FDRC- LGDRSR S-SAE LGDRSR
KNN KNN SVM ELM
OA - 90.99+0.81 76.3+0.48 85.86+0.69 97.1+0.4 | 64.91+1.17 85.5+1.8 80.66 96.0+0.6
Indian Pines AA - 94.58+0.69 - - 94.6+£2.0 | - 88.6+1.4 73.63 95.1£1.2
k - 89.76+0.91 72.59+0.54 83.86+0.73 96.7+0.4 | - 83.6+2.0 - 95.4+0.7
OA 86.92+1.22 90.5£1.9 90.70+0.14 96.57+0.75 99.1+£0.1 | 82.83+0.05 96.1+0.6 - 98.82+0.16
Pavia University| AA - 92.0+0.8 - - 98.4+0.2 | - 92.4+1.3 - 97.52+0.34
k - 87.6£2.4 87.5240.19 94.78+0.81 98.8+0.1 | - 94.7+£0.8 - 98.43+0.22
TABLE VIII

CLASSIFICATION ACCURACY (%) AND STANDARD DEVIATION FOR SALINAS DATASET

1.5% training samples, remaining for testing
Dataset Index Dim:13 Dim:14
SOMP-SAD LGDRSR SOMP-SID  SOMP- LGDRSR
HMMID
OA 94.34 98.82+0.20 95.27 95.03 98.81+0.20
Salinas AA 92.81 98.24+0.28 94.24 93.65 98.23+0.27
k - 98.69+0.22 - - 98.67+0.22
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TABLE IX
CLASSIFICATION ACCURACY (%) AND STANDARD DEVIATION FOR INDIAN PINE AND PAVIA UNIVERSITY DATASET

5 samples per class; Dim:15; 20% training set for FA-MEC and FA-JM;
Dataset Index Dim:5 1% training set for LGDRSR; remaining for test
DRSR-without TS DRSR FA-MEAC FA-IM LGDRSR
OA 48.12+3.82 50.41+4.60 - - 85.99+1.45
Indian Pines AA 52.46£1.76 53.12+2.63 - - 88.10+1.77
k 41.88+3.69 44.60+4.48 - - 84.06+1.67
OA 51.66+5.38 54.61£8.15 91.91£0.01  91.95£0.00  96.23+0.60
Pavia University| AA 47.84+5.51 50.87+5.85 - - 92.89+1.33
k 39.41£5.30 42.26+8.23 89.2+0.01 89.3+0.01 95.00+0.80
100 The impact of noise level on proposed LGDRSR state-of-the-art methods. In comparison with some DR+ SVM
methods with 1% training samples, the improvement is more
go::_ — I . i than 20.% and 10% in Indian Pines and Pavia University dataset,
8o h— . respectively.
— b Tt For the future work, we will investigate the second-order
. Taylor series [51] to further improve the recognition rate of the
g eof : ;
£ proposed methods. Besides, some mathematical methods, such
g sof as singular value decomposition, algebraic property, and prob-
= —+— Indian Pines 1r e . .
T sf abilistic method [52], will be applied to the proposed methods
3 for improving the computational efficiency.
301
20t
10 REFERENCES
: ! ! : ! ! ! ! ’ [1] H. Huang and M. Yang, “Dimensionality reduction of hyperspectral im-
0 0.01 002 003 004 005 006 0.07 008 009 01 . . . . s .
The noise level ages with sparse discriminant embedding,” IEEE Trans. Geosci. Remote
€ noise fevel o Sens., vol. 53, no. 9, pp. 5160-5169, Sep. 2015.
. . [2] G.Hughes, “On the mean accuracy of statistical pattern recognizers,” I[EEE
Fig. 9. Impact of noise level on proposed LGDRSR.

five dimensions, we can seen the proposed DRSR has achieved
better classification accuracies than DRSR without testing sam-
ples (USDR). This verified the proposed DRSR; and the Table IV
also shows the classification accuracies of well-known firefly
algorithms (FA) based band selection method [50], such as,
FA-minimum estimated abundance covariance (FA-MEAC) and
FA with Jeffreys—Matusita distance (FA-JM). As can be seen
from Table IX, with the same dimensions (15), the proposed
LGDRSR has obtained better results than these methods even
the training samples are less than FA-MEAC and FA-JM. Hence,
these verified the proposed DRSR and LGDRSR.

V. CONCLUSION

In this article, a novel framework based on local and global
dimensionality reduction for SRC has been proposed to simul-
taneously reduce the dimensions of HSIs and classify them.
By constructing the DRSR method, which extracts the most
discriminative features from data and classifies the classes HSI
images, the proposed DRSR has demonstrated improvement on
the overall classification performance. Furthermore, the local
and global information of HSIs to integrate the spectral and spa-
tial information of HSIs has greatly improved the classification
accuracies. The experiments results have shown the outstanding
performance our proposed method achieved compared to other

Trans. Inf. Theory, vol. IT-4, no. 1, pp. 55-63, Jan. 1968.

[3] B. Guo, S. R. Gunn, R. I. Damper, and J. D. B. Nelson, “Band selection

for hyperspectral image classification using mutual information,” IEEE

Geosci. Remote Sens. Lett., vol. 3, no. 4, pp. 522-526, Oct. 2006.

F. Cao et al. “Extreme sparse multinomial logistic regression: A fast and

robust framework for hyperspectral image classification,” Remote Sens.,

vol. 9, no. 12, 2017, Art. no. 1255.

L. Fang, S. Li, W. Duan, J. Ren, and J. A. Benediktsson, “Classification

of hyperspectral images by exploiting spectral-spatial information of su-

perpixel via multiple kernels,” IEEE Trans. Geosci. Remote Sens., vol. 53,

no. 12, pp. 6663-6674, Dec. 2015.

J. Wright, A. Yang, A. Ganesh, S. S. Sastry, and Y. Ma, “Robust face

recognition via sparse representation,” IEEE Trans. Pattern Anal. Mach.

Intell., vol. 31, no. 2, pp. 210-227, Feb. 2009.

[7] E. Cao, Z. Yang, J. Ren, W. Chen, G. Han, and Y. Shen, “Local block

multilayer sparse extreme learning machine for effective feature extraction

and classification of hyperspectral images,” IEEE Trans. Geosci. Remote

Sens., vol. 57, no. 8, pp. 5580-5594, Aug. 2019.

J. Liu, Z. Wu, J. Li, A. Plaza, and Y. Yuan, ‘“Probabilistic-kernel collab-

orative representation for spatial-spectral hyperspectral image classifica-

tion,” IEEE Trans. Geosci. Remote Sens., vol. 54, no. 4, pp. 2371-2384,

Apr. 2016.

P. Zhou, Z. Lin, and C. Zhang, “Integrated low-rank-based discriminative

feature learning for recognition,” IEEE Trans. Neural Netw. Learn. Syst.,

vol. 27, no. 5, pp. 1080-1093, May 2016.

[10] J. Wright, A. Y. Yang, A. Ganesh, S. S. Sastry, and Y. Ma, “Robust face
recognition via sparse representation,” IEEE Trans. Pattern Anal. Mach.
Intell., vol. 31, no. 2, pp. 210-227, Feb. 2009.

[11] Y.Li, Z. L. Yu, N. Bi, Y. Xu, Z. Gu, and S. Amari, “Sparse representation
for brain signal processing: A tutorial on methods and applications,” IEEE
Signal Process. Mag., vol. 31, no. 3, pp. 96-106, May 2014.

[12] J. Yang, J. Wright, T. S. Huang, and Y. Ma, “Image super-resolution

via sparse representation,” IEEE Trans. Image Process., vol. 19, no. 11,

pp. 2861-2873, Nov. 2010.

Y. Chen, M. Nasser, and D. Trac, “Hyperspectral image classification us-

ing dictionary-based sparse representation,” IEEE Trans. Geosci. Remote

Sens., vol. 49, no. 10, pp. 3973-3985, Oct. 2011.

[4

=

[5

—_

[6

—_

[8

[l

[9

—

[13]



CAO et al.: SUPERVISED DIMENSIONALITY REDUCTION OF HYPERSPECTRAL IMAGERY VIA LOCAL AND GLOBAL SPARSE REPRESENTATION

[14]

[15]

[16]

(17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

(30]

[31]

(32]

[33]

[34]

[35]

[36]

(371

(38]

[39]

Y. Zhao and J. Yang, “Hyperspectral image denoising via sparse repre-
sentation and low-rank constraint,” IEEE Trans. Geosci. Remote Sens.,
vol. 53, no. 1, pp. 296-308, Jan. 2015.

Y. Chen, M. Nasser, and D. Trac, “Sparse representation for target detection
inhyperspectral imagery,” IEEE J. Sel. Topics Signal Process.,vol.5,n0.3,
pp. 629-640, Jun. 2011.

H. Huang and M. Yang, “Dimensionality reduction of hyperspectral im-
ages with sparse discriminant embedding,” IEEE Trans. Geosci. Remote
Sens., vol. 53, no. 9, pp. 5160-5169, Sep. 2015.

P. Thouvenin, N. Dobigeon, and J. Tourneret, “Hyperspectral unmixing
with spectral variability using a perturbed linear mixing model,” /IEEE
Trans. Signal Process., vol. 64, no. 2, pp. 525-538, Jan. 2016.

S. Chen and D. Zhang, “Semisupervised dimensionality reduction with
pairwise constraints for hyperspectral image classification,” IEEE Geosci.
Remote Sens. Lett., vol. 8, no. 2, pp. 369-373, Mar. 2011.

X. He and N. Partha, “Locality preserving projections,” Adv. Neural Inf.
Process. Syst., vol. 16, no. 16, pp. 153-160, 2004.

X. He, D. Cai, S. Yan, and H.-J. Zhang, “Neighborhood preserving
embedding,” in Proc. 10th IEEE Int. Conf. Comput. Vis., 2005, vol. 1,
no. 2, pp. 1208-1213.

J. Zabalza et al. “Novel folded-PCA for improved feature extraction and
data reduction with hyperspectral imaging and SAR in remote sensing,”
ISPRS-J. Photogramm. Remote Sens., vol. 93, pp. 112-122, 2014.

S. Mika, G. Ratsch, J. Weston, B. Scholkopf, and K. R. Mullers, “Fisher
discriminant analysis with kernels,” Neural Netw. Signal Process. IX: Proc.
IEEE Signal Process. Soc. Workshop, 1999, pp. 41-48.

B. Kuo and D. Landgrebe, “Nonparametric weighted feature extraction
for classification,” IEEE Trans. Geosci. Remote Sens., vol. 42, no. 5,
pp. 10961105, May 2004.

M. Sugiyama, “Dimensionality reduction of multimodal labeled data
by local fisher discriminant analysis,” J. Mach. Learn. Res., vol. 8,
pp. 1027-1061, 2007.

B. Raducanu and F. Dornaika, “A supervised non-linear dimensionality
reduction approach for manifold learning,” Pattern Recognit., vol. 45,
no. 6, pp. 2432-2444,2012.

H. Chen, H. Chang, and T. Liu, “Local discriminant embedding and
its variants,” in Proc. IEEE Comput. Soc. Conf. Comput. Vis. Pattern
Recognit., 2005, vol. 2, pp. 846-853.

D. Cai, X. He, and J. Han, “Semi-supervised discriminant analysis,” in
Proc. IEEE 11th Int. Conf. Comput. Vis., 2007, pp. 1-7.

A.Lagrange, M. Fauvel, S. May, and N. Dobigeon, “Matrix cofactorization
for joint spatial-spectral unmixing of hyperspectral images,” I[EEE Trans.
Geosci. Remote Sens., vol. 58, no. 7, pp. 4915-4927, Jul. 2020.

L. Zhang, M. Yang, Z. Feng, and D. Zhang, “On the dimensionality
reduction for sparse representation based face recognition,” in Proc. 20th
Int. Conf. Pattern Recognit., 2010, pp. 1237-1240.

S. Kim et al. “A method for large-scale 11-regularized least squares,” IEEE
J. Sel. Topics Signal Process., vol. 1, no. 4, pp. 606617, Dec. 2007.

Q. Wang, X. He, and X. Li, “Locality and structure regularized low rank
representation for hyperspectral image classification,” IEEE Trans. Geosci.
Remote Sens., vol. 57, no. 2, pp. 911-923, Feb. 2019.

DP. Bertsekas, Constrained Optimization and Lagrange Multiplier Meth-
ods. New York, NY, USA: Academic, 2014.

K. Ito and K. Karl, “An active set strategy based on the augmented
lagrangian formulation for image restoration,” ESAIM: Math. Modelling
Numer. Anal., vol. 33, no.1, pp. 1-21, 1999.

M. Afonso, J. Bioucas-Dias, and M. Figueiredo, “Fast image recovery
using variable splitting and constrained optimization,” IEEE Trans. Image
Process., vol. 19, no. 9, pp. 2345-2356, Sep. 2010.

J. Li, J. M. Bioucas-Dias, and A. Plaza, “Hyperspectral image segmen-
tation using a new Bayesian approach with active learning,” IEEE Trans.
Geosci. Remote Sens., vol. 49, no. 10, pp. 3947-3960, Oct. 2011.

X. Xu, J. Li, S. Li, and A. Plaza, “Subpixel component analysis for
hyperspectral image classification,” IEEE Trans. Geosci. Remote Sens.,
vol. 57, no. 8, pp. 5564-5579, Aug. 2019.

L. Fang, G. Liu, S. Li, P. Ghamisi, and J. Benediktsson, “Hyperspectral
image classification with squeeze multibias network,” IEEE Trans. Geosci.
Remote Sens., vol. 57, no. 3, pp. 1291-1301, Mar. 2019.

Q. Hao, S. Li, and X. Kang, “Multilabel sample augmentation-based
hyperspectral image classification,” IEEE Trans. Geosci. Remote Sens.,
vol. 58, no. 6, pp. 4263-4278, Jun. 2020.

S. Alim, J. Li, C. Lin, S. Liu, and E. Li, “Edge gradient-based active
learning for hyperspectral image classification, ” IEEE Geosci. Remote
Sens. Lett., vol. 17, no. 9, pp. 1588-1592, Sep. 2020.

[40]

[41]
[42]
[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

3873

Y. Zhou, J. Peng, and C. P. Chen, “Dimension reduction using spatial
and spectral regularized local discriminant embedding for hyperspectral
image classification,” IEEE Trans. Geosci. Remote Sens., vol. 53, no. 2,
pp. 1082-1095, Feb. 2015.

W. Liao, A. Pizurica, P. Scheunders, W. Philips, and Y. Pi, “Semisupervised
local discriminant analysis for feature extraction in hyperspectral images,”
IEEE Trans. Geosci. Remote Sens., vol. 51, no. 1, pp. 184-198, Jan. 2013.
C.Changand C.J. Lin, “LIBSVM: A library for support vector machines,”
ACM Trans. Intell. Syst. Technol., vol. 2, no. 3, 2011, Art. no. 27.
[Online]. Available: https://www.fst.um.edu.mo/en/staff/fstycz.html
H.Huang, G. Shi, H. He, Y. Duan, and F. Luo, “Dimensionality reduction of
hyperspectral imagery based on spatial-spectral manifold learning,” IEEE
Trans. Cybern., vol. 50, no. 6, pp. 2604-2616, Jun. 2020.

Y. Dong, B. Du, L. Zhang, and L. Zhang, “Dimensionality reduction
and classification of hyperspectral images using ensemble discriminative
local metric learning,” IEEE Trans. Geosci. Remote Sens., vol. 55, no. 5,
pp. 2509-2524, May 2017.

J. M. Haut et al., “Fast dimensionality reduction and classification of hy-
perspectral images with extreme learning machines,” J. Real-Time Image
Process., vol. 15, no. 3, pp. 439462, 2018.

J. Zabalza et al., “Novel segmented stacked autoencoder for effective
dimensionality reduction and feature extraction in hyperspectral imaging,”
Neurocomputing, vol. 185, pp. 1-10, 2016.

F. Hou et al., “FMRSS net: Fast matrix representation-based spectral-
spatial feature learning convolutional neural network for hyperspec-
tral image classification,” Math. Problems Eng., vol. 2008, 2018,
Art. no. 9218092.

A. Plaza et al., “Dimensionality reduction and classification of hyperspec-
tral image data using sequences of extended morphological transforma-
tions,” IEEE Trans. Geosci. Remote Sens., vol. 43, no. 3, pp. 466479,
Mar. 2005.

H. Su, B. Yong, and Q. Du, “Hyperspectral band selection using im-
proved firefly algorithm,” IEEE Geosci. Remote Sens. Lett., vol. 13, no. 1,
pp. 68-72, Jan. 2016.

F.Cao et al., “Sparse representation-based augmented multinomial logistic
extreme learning machine with weighted composite features for spectral-
spatial classification of hyperspectral images,” IEEE Trans. Geosci. Re-
mote Sens., vol. 56, no. 11, pp. 6263-6279, Nov. 2018.

Z. Yang, FE. Cao, Y. Cheng, W.-K. Ling, and R. Hu, “Locality regularized
Robust-PCRC: A novel simultaneous feature extraction and classification
framework for hyperspectral images,” I[EEE Trans. Geosci. Remote Sens.,
vol. 58, no. 12, pp. 8567-8582, Dec. 2020.

Faxian Cao (Student Member, IEEE) was born in
Jiangxi, China, in September 1993. He received the
B.E. degree in electronics and information engineer-
ing from Jinggangshan University, Ji.an, China, in
2016, and the M.E. degree in electronics communi-
cation engineering from the Guangdong University of
Technology, Guangzhou, China, in 2019. He is cur-
rently working toward the Ph.D. degree in electronics
engineering with the School of Electronic Engineer-
ing and Computer Science, Queen Mary, University
of London, London, UK.

He was a Visiting Researcher with the University of Strathclyde, Glasgow,
Scotland, from November 2018 to May 2019. His main research interests
comprise signal processing, ad hoc time delay estimation, echo SLAM, machine
learning, and pattern recognition and image processing.

Mr. Cao is currently a Reviewer of the IEEE GEOSCIENCE AND REMOTE
SENSING LETTER, IEEE ACCESS, International Journal of Remote Sensing, and
European Journal of Remote Sensing, etc.


https://www.fst.um.edu.mo/en/staff/fstycz.html

3874 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 14, 2021

Zhijing Yang (Member, IEEE) received the B.S. and
Ph.D. degrees in mathematics and computing science
from Sun Yat-Sen University, Guangzhou, China, in
2003 and 2008, respectively.

He was a Visiting Research Scholar with the School
of Computing, Informatics and Media, University of
Bradford, Bradford, U.K., between July—December
2009, and a Research Fellow with the School of

Engineering, University of Lincoln, Lincoln, U.K.,
‘ - Al between 2011- 2013. He is currently a Professor
and the Deputy Dean with the School of Information
Engineering, Guangdong University of Technology, Guangzhou, China. His
current research interests include image retrieval, machine learning, and pattern
recognition.

Xiaobin Hong received the Ph.D. degree in mechan-
ical engineering from the South China University of
Technology, Guangzhou, China, in 2007.

He is currently a Professor with the School of Me-
chanical and Automotive Engineering, South China
University of Technology. His research interests in-
clude instrumentation design, signal processing, and
machine learning methods for nondestructive detec-
tion and structural health monitoring.

Yonggiang Chen received the B.Eng. and M.Eng.
degrees in control theory and control engineering
from Tongji University, Shanghai, China, in 2001
and 2004, respectively, and the Ph.D. degree from
the School of Engineering, Design and Technology,
University of Bradford, U.K., in 2010.
4 He is currently a Senior Lecturer with the Depart-
ment of Computer Science and Technology, Univer-
. i\ sity of Hull, Hull, U.K. Before this, he was a Post-
Pz d doctoral Research Fellow with the Future Ubiquitous
Networking Laboratory, School of Engineering and

z ')‘L
b\

i
Informatics, University of Bradford, Bradford, U.K., from 2010 to 2014. His

research includes digital healthcare technologies, Al and machine learning,
embedded system, control theory, and applications.

Yuezhen Huang was born in September 1973 in
Zhangpu, Fujian. He received the master’s degree in
business administration from the South China Uni-
versity of Technology, Guangzhou, China.

He is a CPC member with Han nationality. He is
currently the President of Guangzhou Radio Group
Company, Ltd., Guangzhou, China, the Chairman of
GRGBanking, Guangzhou, China, and the Chairman
of the Group Science and Technology Association.

Jujian Lv received the Ph.D. degree in computer
application technology from Sun Yat-Sen University,
Guangzhou, China, in 2016.

He is currently a Lecturer with the School of the
Computer Science, Guangdong Polytechnic Normal
University, Guangzhou, China. His research interests
include image processing, pattern recognition, and
machine learning.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


